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S1 Screening the database
S2 Comparison with experimental data
To test the reliability of our methodology, we compared the methane adsorption isotherms of experimental structures that were available in the literature to the analogous structures in our dataset. Using Grand-canonical Monte Carlo simulations, we simulated the isotherms for HKUST-1 (see Fig. S2 ); Mg-MOF-74, Ni-MOF-74, and Co-MOF-74 (see Fig. S3 ); and MOF-5 and PCN-14 (see Fig. S4 ) from 0 to 80 bar at 298 K.
For PCN-14 and MOF-5, our simulations give a good agreement with the experimental data. For the MOF-74 series, it is known that not all open metal sites are activated [1] , giving a lower maximum adsorption compared to the perfect crystal structures used in our simulations. To correct for these blocked adsorption sites, we scaled the isotherms by the ratio of normalized surface areas in Mg-, Co-, and Ni-MOF-74, as reported in Table 2 of Ref. [2] , where the surface areas are derived from a Langmuir fit of 77K N 2 adsorption isotherms. In the case of Zn-MOF-74, ≈ 24% of the surface area, and thus binding sites, is not accessible; in Ni-MOF-74, ≈ 10%; in Mg-MOF-74, ≈ 13%; and in Co-MOF-74, ≈ 18% of binding sites are not accessible. We see that in frameworks with these particularly strong binding sites, such as Ni-MOF-74 and HKUST-1, the UFF + TraPPE force field underestimates the adsorption isotherms.
In conclusion, our force field tends to slightly underestimate the measured methane uptake in certain materials, by anywhere from 7% (MOF-5) to 20% (Ni-MOF-74) at 65 bar, which explains why in our screening study our top performing structures have a slightly lower deliverable capacity compared to the experimental structures. 
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S3 Top material for methane storage
The material with the highest predicted deliverable capacity in our study is a hypothetical porous polymer network (PPN), Adamantane 4387 1-net 004 [3] , exhibiting a 65 -5.8 bar deliverable capacity of 196 v STP/v. The structure is shown in Fig. S5 . We plotted the potential energy contours of a methane molecule in the pores at -12 kJ/mol (orange) and 0 kJ/mol (gray) to highlight the binding regions. This material exhibits a largest included sphere of 11.75Å; this is larger than a single methane molecule. The strong binding regions in orange indicate that multiple methane molecules can be efficiently packed into the pores. The computed surface area of this material is 1992 m 2 /cm 3 . This PPN can in principle be synthesized from known synthesis routes [4] using an adamantane core and 1,2-dibromoethylene linkers: Four of these linkers are appended to each tetrahedral point of the adamantane cage. When two of these tetrahedral monomers then react, we get the C 4 H 4 linkage spanning the adamantane cages. This 'two-monomer synthesis route' is discussed in detail in Ref. [3] . 
S4 Estimating the saturation loading M
To estimate the saturation methane loading in each material, which we call the effective density of adsorption sites, we fit the simulated methane adsorption isotherms from 1 -160 bar fugacity to model 1 in Ref. [5] , which builds upon a Langmuir model by including adsorbate-adsorbate interactions. The model is a Langmuir model at first order, with a correction term that is weighted by the strength of the adsorbate-adsorbate interactions (θ) [5] 
The variable σ is the methane loading per volume of material; M is the saturation loading or effective density of sites; K H is the Henry coefficient; P is the pressure; φ is the fugacity coefficient such that φP is the fugacity of methane corresponding to pressure P . The Henry coefficient in eqn S1 is independently obtained from the Widom insertion method. We thus fit each methane adsorption isotherm to the model in eqn S1 using the parameters M and θ with a nonlinear least squares data fitting routine implemented with the optimize function in Scipy, an open-source computing package in Python. If the highest-pressure point in the simulated isotherm (160 bar fugacity) was less than 60% of the identified M , we extended the isotherms to a fugacity of 700 bar to obtain enough curvature in the simulated isotherms for our fitting routine to reliably estimate M . For plots involving M , we only include structures whose residual sum of squares (including all 14 data points on the isotherm) is below 5% of M to help ensure the estimation of M is reliable.
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S5 Literature survey for experimental methane adsorption isotherms
We searched the literature for high-performing structures in each material class for which experimentally measured methane adsorption isotherms were available. Where noted, we took the total adsorption; otherwise, we converted the excess adsorption into total using the reported pore volume and the density of methane from the Peng-Robinson equation of state. These data are depicted in Fig. 4 of the main text. The model in eqn S1 was fitted to the experimental adsorption isotherms to interpolate methane adsorption for the relevant pressures when the experimental measurement was not taken at exactly 5.8 and 65 bar. The experimental data were taken from the following references: MOF-519 and MOF-520 [6] ; HKUST-1, Mg2(dobdc), Ni2(dobdc), MOF-5, PCN-14 [1] ; IRMOF-6 [7] ; PCN-16, [8] ; NU-125, UTSA-20 [9] ; ZIF-8, ZIF-76, [10] ; PPN-4 [11] ; PPN-1, PPN-2, PPN-3 [12] ; DD3R [13] ; and Silicate for crystal density [14] .
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S6 Alternative Operating Conditions
Here, we outline our methods for calculating the deliverable capacity of our materials under different conditions than set in the ARPA-E target. To avoid having to carry out simulations at many different temperatures and pressures, we characterize each material by the parameters M , K H , and θ obtained from fitting the simulated isotherms at 298 K to the model in eqn S1. To extrapolate the loading at a higher temperature, we assume that the temperature dependence of the Henry coefficient K H is given by the Van't Hoff equation and the temperature dependence of θ (see Ref. [5] ):
We calculated the enthalpy of adsorption ∆H (= negative of the heat of adsorption) during our simulations. We subsequently use these parameters to estimate the methane adsorption at alternative conditions. To test that the various predictions made with these fitted parameters gives a sufficiently accurate description of the isotherms that would be obtained by simulations we carried out several tests. In Fig. S6 we show that the fitted isotherms describe the simulated deliverable capacity sufficiently accurate. Fig. S7 shows that this approach gives a sufficiently accurate description of the methane adsorption isotherms at these different temperatures.
S6.1 Altering the operation conditions
In the calculations that follow, we include a random sample of 3,701 materials from each class to assign each class an equal prior. We amalgamate all material classes together and plot the distribution of deliverable capacities at the different storage conditions. For each alternative operating condition, we also depict how one class of materials may perform better over another class at different conditions by stacking the probability distributions for each class. This allows us to visualize the contributions of each material class to the probability distributions.
We now assess the impact of changing the operating pressures on the deliverable capacity at 298 K. Methane is stored in the adsorbed natural gas tank at P H bar at the refilling station, and a tank is considered depleted if it exhibits a pressure of P L bar. By changing P H and P L , we compute the deliverable capacity under two scenarios that will benefit the deliverable capacity: (i) Increasing the storage pressure P H but keeping the ARPA-E target's discharge pressure of P L = 5.8 bar (ii) Decreasing the discharge pressure P L but keeping the ARPA-E target's storage pressure of P H = 65 bar. Fig. S8 shows how the distribution of deliverable capacities is changing if we increase the storage pressure P H = 65, 100, 150, and 200 bar. As expected, the higher the storage capacity the larger the deliverable capacity; however, even at 200 bar we do not reach the ARPA-E target. Fig. S9 shows the effects of decreasing the recharging pressure P L = 5.8, 3, 1, and 0 bar, while keeping the charging pressure P H = 65 bar. In these calculations the deliverable capacity with P L = 0 is equal to the loading at P H = 65 bar. As expected, decreasing the decharging pressure increases the deliverable capacity. In particular materials for which methane is strongly bound will have a higher deliverable capacity.
S6.1.1 Altering the storage pressure
S6.1.2 Altering the decharging pressure
S6.1.3 Heat rerouting deliverable capacity
In the main text, we investigate the strategy of rerouting waste heat from the engine to the adsorbent when the tank nears discharge, driving off the residual methane, thereby increasing the deliverable capacity. The heat-rerouting deliverable capacity given a heating temperature of T f is then:
(a) Figure S7 . Methane adsorption isotherms calculated for a sample structure with simulations (points) against the extrapolations from the model in eqn S1 that was fit to the 298 K isotherm (solid lines) for varying temperatures.
where the loading σ(P, T ) is given by the model in eqn S1 and the scalings in eqn S3 are taken into account for the second term. We took into account the temperature-dependence of the fugacity through the Peng-Robinson equation of state. Fig. S10 shows the heat-rerouting deliverable capacity distributions broken down into material classes for T f = 400 K in comparison to the isothermal deliverable capacity considered by ARPA-E. Also shown is the extreme limit of exploiting the temperaturedependence of the isotherms: at best, this heat-rerouting strategy will drive off all residual methane gas at the discharge, and the heat-rerouting deliverable capacity becomes the loading at P H as T f → ∞. In none of these scenarios do we reach the ARPA-E target. Figure S10 . Heat-rerouting deliverable capacity.
[Top] Heat-rerouting deliverable capacity where the adsorbent is heated to a temperature T f when the tank nears discharge.
[Bottom] For each scenario, the distribution is partitioned into material classes. The vertical line is the ARPA-E target.
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S7 Additional data
In the main text, Fig. 4 shows the relationship between the deliverable capacity and the crystal density. In Fig. S11 we reproduce the same figure but now color-coded by the fractional deliverable capacity. This figure illustrates that (i) the materials with the highest deliverable capacities also have the highest fractional deliverable capacities, and (ii) a high fractional deliverable capacity does not necessarily translate to a high deliverable capacity. Fractional deliverable capacity Figure S11 . Materials with the highest deliverable capacities indeed have the highest fractional deliverable capacities. Deliverable capacity plotted against the crystal density. Points are color-coded according to fractional deliverable capacity.
In Fig. 5 of the main text, we plotted the fractional deliverable capacity against the saturation loading of all materials in one figure. In Fig. S12 , we present this plot separately for each class of material. In addition, the dashed horizontal line marks the theoretical upper bound if a material would be described with a Langmuir isotherm [5] . Above this theoretical upper bound, we find materials that cannot be described with a Langmuir isotherm due to, for example, methane-methane interactions. Fig. S13 gives the diameter of the largest included sphere as a function of the crystal density. Figure S13 . Crystal density correlates with pore size. The diameter of the largest included sphere is plotted against the crystal density. Each point is a structure color-coded by material class.
